developing a prognostic model that will be made publicly available online. The results also reinforce that careful development and thoughtful interpretation, including understanding a given tool's limitations, are required in order for online prognostic tools that provide survival predictions to be a useful resource for both patients and clinicians.
Cancer staging systems have historically been used to stratify patients into risk groups with fixed ranges of predicted survival outcomes. For example, the American Joint Committee on Cancer (AJCC) melanoma staging system initially classified patients based on tumor, nodal, and metastatic stage (TNM staging). However, the AJCC staging system, and staging systems more generally, have evolved over time to incorporate additional patient characteristics in an effort to address the fact that anatomic TNM staging is not very useful for predicting prognosis of individual patients. The 7th edition of the AJCC melanoma staging system utilizes numerous patient characteristics in addition to anatomic information to divide patients into four main stage groups, or nine substage groups. 1 As expected, survival still differed by stage, but there was also significant heterogeneity in survival described by substage, especially among patients with stage III disease. Furthermore, there was substantial overlap in survival estimates across stages I, II, and III disease even after inclusion of these additional patient characteristics.
In an effort to overcome some of the problems with survival estimates derived from staging systems, nomograms and other prognostic models have been gaining in popularity as a way of predicting an outcome for an individual patient based on a collection of variables. Often, corresponding internet-based tools have been made available for easy access by patients and providers. These online prediction tools are designed to help providers and patients assess individual risk and make informed decisions about treatment and follow-up. Online prediction tools are particularly relevant in settings where standard of care is rapidly evolving, such as in melanoma, where effective adjuvant therapies are now treatment options for patients with stage III and IV resected melanoma. 2, 3 Rabin and colleagues recently conducted a systematic review of prognostic tools across all cancers and identified 107 calculators for use in 89 different cancers. 4 With one exception, all tools were available online. A recent systematic review that focused specifically on melanoma prognostic models identified 17 tools, five of which were available as internet-based calculators. 5 Three of these melanoma prognostic models are currently available online. One group analyzed the same AJCC data that were used in the creation of the 2009 AJCC staging system (AJCC predictor); 6 another group analyzed data from the Sunbelt Melanoma Trial (Sunbelt predictor); 7 and a third group used data from the Massachusetts General Hospital (MGH; MGH predictor). [8] [9] [10] Despite improvements in prediction accuracy over staging systems, the use of different statistical methodologies and inclusion of varied patient characteristics can lead to variation in predictions from online tools.
Prognostic models made available online for public use warrant careful examination and require methodological rigor to ensure that clinicians obtain clinically useful predictions when they access these tools to make treatment decisions and inform conversations about prognosis with their patients, and that patients get accurate information when they access these tools to directly obtain survival estimates. To demonstrate the potential differences in prognostic models in a single disease site, in this study we compare the input variables and modeling procedures of three internet-based melanoma prognostic models, and evaluate model performance by applying a single external data set to all three tools. In doing so, we sought to critically assess the development and deployment of online prognostic tools more generally. Table 1 presents details of the underlying models and input parameters for the three internet-based melanoma predictors studied here. The AJCC predictor can be found at melanomaprognosis.net. 6 The final predictions were generated from a series of multivariable Cox regression models, stratified by tumor thickness. The reported concordance correlation coefficients (CCCs) for the 5-and 10-year melanoma-specific survival (MSS) rates were 0.90 and 0.93, respectively.
INTERNET-BASED PREDICTORS IN MELANOMA
The Sunbelt predictor can be found at MelanomaCalculator.com. 7 The model is only generalizable to patients aged 18-70 years with a primary tumor size C 1 mm who were staged by sentinel lymph node (SLN) biopsy. A final multivariable model was constructed using Cox regression for overall survival (OS) with stepwise variable selection. The reported CCC for 5-year OS was 0.98. The online Sunbelt predictor produces OS, disease-free survival (DFS), and locoregional recurrence-free survival (LR-RFS) predictions. In addition, after communication with the study statisticians, it was revealed that the model used in the online predictor differs somewhat from the model presented in the manuscript, in that age and Breslow thickness were included as continuous covariates, and a quadratic term for Breslow thickness was also included, in the online predictor. Table 1 reflects the variables utilized in the internet-based predictor rather than those reported in the original publication. 7 The MGH predictor can be found at lifemath.net/cancer/ melanoma. [8] [9] [10] The modeling technique employed is called the 'binary-biologic model of cancer metastasis' and is based on a theory of the underlying spread of cancer cells. 10 Simply put, this model assumes that the probability of cancer death increases with each additional cancer cell present and that prognostic factors have a multiplicative impact on the risk of cancer death. The reported R 2 value was 0.96 for predicting 15-year MSS. Although the online predictor generates only MSS predictions, predicted OS is also available from this model as it is used to determine life expectancy by the online version.
DATA AND METHODS
Data on all melanoma patients who presented to Memorial Sloan Kettering Cancer Center (MSKCC) from January 2000 through December 2014 were extracted from a retrospectively maintained database (n = 13,853) after Institutional Review Board approval. Patients were excluded if they presented to MSKCC [ 120 days after the initial diagnosis (n = 4221), had stage 0 (n = 2680) or unknown stage (n = 34) disease at presentation, or had Clark level I invasion tumors (n = 7), leaving a total of 6911 patients eligible for analysis. Figure 1 shows a Venn diagram of the sample sizes available to validate each predictor. The Sunbelt predictor applies only to patients between 18 and 70 years of age with tumors C 1 mm who were staged using SLN biopsy. After limiting the MSKCC data based on these conditions and to patients with complete data on the included predictors, 1500 patients remained for analysis. Median follow-up time among survivors was 3.4 years (interquartile range [IQR] 1.1-6.7), and during this time there were 293 deaths from any cause and 374 recurrences or deaths from melanoma. Baseline survival and parameter estimates for the Sunbelt predictor were obtained from the study statisticians 7 and were used to generate predicted 5-year OS and DFS, a composite of recurrence or death from melanoma. Patients were grouped into quartiles based on these predictions, and the Kaplan-Meier method was used to estimate 5-year observed OS and DFS within each quartile.
The MGH predictor applies to all patients with data on tumor size, resulting in a sample size of 6873 patients for analysis. Median follow-up time among survivors was 2.1 years (IQR 0.1-17.1), and during this time there were 1460 deaths from any cause, 636 of which were from melanoma. The source code for the MGH predictor was obtained from the online predictor site and converted into R code in order to generate predicted 5-year OS and MSS for each patient. Patients were grouped into quartiles based on these predictions, and the Kaplan-Meier method was used to estimate 5-year observed OS and MSS within each quartile.
For the AJCC predictor, data were first limited to patients presenting in 2009 or later (n = 3034) because MSKCC contributed data to the development of the AJCC model, which included patients diagnosed through 2008. We next limited data to those diagnosed with localized disease (n = 2452) and with complete information on the included variables (n = 2291). Median follow-up time among survivors was 1.4 years (IQR 0.1-3.9), and during this time 57 patients died from melanoma. Because the AJCC predictor is based on combinations of binary variables, only 38 distinct predictions are possible. To obtain predictions from the online tool, we simply entered data for each of the 38 possible values. Patients were grouped into quartiles based on these predictions, and the Kaplan-Meier method was used to estimate 5-year observed MSS within each quartile. Calibration, a measure of agreement between predictions and observed data, was assessed for each model by plotting predicted versus observed survival. Discrimination, a measure of how accurately patients were classified as alive versus dead at 5 years, was evaluated using an inverse probability censoring weighted concordance-index (C-index). All statistical analyses were conducted using R software version 3.4.1 11 including the 'survival' and 'pec' packages.
RESULTS
In all plots, perfect calibration is indicated by the dotted 45-degree line; a higher C-index indicates better discrimination. Calibration and discrimination results for the Sunbelt predictor are shown in Fig. 2a for DFS and Fig. 2b for OS. Calibration is quite good for OS, with most points falling almost directly on the 45-degree line, whereas for DFS, at the lower end of the range the 95% confidence intervals do not cross the 45-degree line, suggesting that calibration is poor in the lower range of predicted DFS. The Sunbelt predictor has discrimination of 0.754 for DFS and 0.767 for OS, suggesting that the model differentiates well between those who have and those who do not have the event for both endpoints.
Calibration and discrimination results for the MGH predictor are shown in Fig. 3a for MSS and Fig. 3b for OS. We see that the MGH predictor results in a higher range of MSS rates than those of the Sunbelt predictor. For MSS, the MGH predictor does not appear to be well calibrated, which results in a poor C-index of 0.542. On the other hand, whereas most of the predicted 5-year OS values are slightly lower than the estimated values (indicated by the points being above the 45-degree line), the confidence intervals are tight and the points follow a straight-line pattern. A C-index of 0.767 for OS using the MGH predictor indicates good discrimination and is comparable with the OS discrimination of the Sunbelt predictor.
Finally, calibration and discrimination results for the AJCC predictor are presented in Fig. 4 . Although we obtain a very high C-index of 0.836 for discrimination with the AJCC predictor, we see that the model is only wellcalibrated in the highest range of predicted values.
DISCUSSION
Generating accurate predictions should be the most important goal when building a prediction model. Whereas most prediction models are disseminated through academic publications and therefore primarily reach an audience with technical and subject-area expertise, prediction models made available online are broadly available to the public and therefore require additional scrutiny. Using three online melanoma predictors as an example, we found that some models demonstrated acceptable calibration and discrimination in a validation test using a single-institution data set. Others were not as accurate or introduced a large amount of uncertainty, either overall or within a specific range of predictions.
The models compared here were all developed by respected research teams that included experienced statisticians and used appropriate statistical methodology, including model development in a training data set followed by model validation in a separate external data set. In all cases, a measure of correlation between the predicted and observed survival estimates was presented to assess the calibration of each model. However, none of the original reports for these three predictors [6] [7] [8] included a measure of discrimination, such as the C-index that we evaluated here. The three models also have several important distinctions. Both the AJCC predictor and the Sunbelt predictor are based on a Cox regression model; however, the AJCC predictions are generated from Cox regression models with only a few binary predictors and are stratified by tumor size (as a cateogorical variable), therefore only a finite number of predicted values is possible, thereby limiting the accuracy of predictions by design. 6 In contrast, the Sunbelt predictor is based on a single multivariable Cox regression model that incorporates continuous predictors, allowing for a wider range of resulting predicted values. 7 The MGH predictor is not based on a Cox regression model, but rather on a novel approach that seeks to predict survival based on the probability of the spread of individual tumor cells. 9, 10 The MGH predictor is unique in its ability to handle missing values, and results in predictions that are similar to the other two models in many cases despite the divergent methodology. It is important to note that this analysis is limited by somewhat small sample sizes and relatively short follow-up time, and results are intended for use as an illustrative example.
This example validation of three online melanoma predictors demonstrates the challenges faced when working to develop a prediction model that will be made publicly available on the internet. In 2016, the 8th edition of the AJCC staging manual was expanded to include the Personalized Medicine Core, tasked with providing online probability models that would incorporate prognostic markers in addition to anatomic stage to provide more personalized predictions. In preparation for this new undertaking, a checklist of 16 criteria that should be used to evaluate a prognostic model for endorsement by the AJCC was created. 12 The checklist highlights the importance for researchers to keep in mind that the ultimate goal of a prognostic model is to provide doctors and patients alike with accurate measures of predicted survival at a specific timepoint so that results can be used for personalized decisions about treatment and follow-up. These predictions should ideally come from a model that incorporates only clinically important variables that are widely available to patients with the disease of interest. If a variable is not widely available, or if a new prognostically relevant variable is discovered, then the model needs a way of handling missing data to ensure broad applicability. The model also needs to report a measure of uncertainty, such as a confidence interval or standard deviation, so that those accessing the predictions have an idea of the range of possible values. In addition, as emphasized in a recent review by Alba and colleagues, 13 the model needs to be critically assessed in an appropriate external data set for measures of both calibration and discrimination. The limitations of a prediction model should be reported alongside the online predictor. Interestingly, none of the three online tools assessed herein would have passed the checklist criteria simply for lack of a reported measure of discrimination.
A recommendation as to which of these three melanoma tools should be used would require additional analyses of clinical utility that are outside the scope of this paper. Instead, we used this example validation study to demonstrate potential differences in prognostic models for a single disease site. As clinicians it is important to be aware of the online tools that are available in one's field, and to know that patients may have already accessed survival predictions online at the time of initial evaluation. Given the predictive variability both within and across predictors, it is important to understand the limitations of online predictors and to be able to synthesize information across tools to give patients a better idea of the possible range of survival times they are facing. Careful development and thoughtful interpretation are required in order to ensure that online prognostic tools that provide survival predictions will be a useful resource for both patients and clinicians.
